Background Childhood vaccination may protect children's nutritional status and lead to improved child growth in developing countries. This study evaluates the effect of India's childhood vaccination program Universal Immunization Program (UIP) on the growth of children ,4 years of age.
Introduction
The burden of child undernutrition is significant in low-and middle-income countries, where 20% of children under 5 years of age are underweight (low weight-for-age) and 32% are stunted (low height-for-age). Child undernutrition accounts for 35% of deaths worldwide among children under 5 years of age partly because it increases the risk of mortality due to infectious diseases (diarrhea, pneumonia, malaria and measles). 1 Because of the significance of nutrition for global health, one of the Millennium Development Goals is 'to halve between 1990 and 2015 the proportion of people who suffer from hunger'. Undernutrition also has implications for the human capital of developing countries because it can impair brain development, 2, 3 and diminish adult earnings by reducing body size and capacity for physical labor. 4, 5 It has been recognized for decades 6 and highlighted by UNICEF 7 that infectious diseases contribute to child undernutrition. An infectious disease can cause: (i) reduced dietary intake (e.g. appetite loss, reduced feeding by parents as an attempt to end diarrhea); (ii) increased nutrient loss (e.g. vomiting, malabsorption) and (iii) elevated nutrient requirements caused by increases in metabolism such as those due to fever. 7 -11 As a corollary, health interventions that reduce the incidence and duration of infectious diseases lead to improved child growth; such interventions include clean water, sanitation, 12 -15 and access to basic drugs (especially antibiotics).
Because vaccination prevents infectious disease, it too may promote child growth. But only a handful of studies have examined the effect of vaccines on child growth. Crosscountry studies of the developing world have shown that child immunization explains the lower prevalence of both wasting and stunting. 17, 18 And access to immunizations has been found to increase the height of children in Côte d'Ivoire. 16 The present study evaluates the effect of a childhood vaccination program in India-the Universal Immunization Program (UIP)-on child growth. UIP was preceded by India's Expanded Program on Immunization (EPI), which was started in 1978 to provide six childhood vaccines to infants: BCG (against tuberculosis), polio, diphtheria, tetanus, pertussis, and typhoid. 19 In 1985, the Government of India replaced EPI with UIP, with the goal of reaching 85% vaccination coverage among infants by 1990. UIP's immunization schedule called for children to be vaccinated by 12 months of age with one dose each of BCG and measles vaccines, three doses of polio vaccine ( polio3) and three doses of diphtheria-tetanus-pertussis vaccine (DTP3). 20, 21 In 1997, UIP became a component of India's Reproductive and Child Health Program. 19 UIP was phased in over five years, beginning in 1986 in some districts and covering all districts of India by 1990. Although UIP was implemented through the existing primary health-care infrastructure, the program also made extra provision for districts, as needed, in the form of staff, vaccines and equipment for vaccine storage and transportation such as walk-in coolers, refrigerators and vaccine carriers. 20 As we discuss below, UIP's rollout appears to be related only to district characteristics that are fixed or slow to change (e.g. health system infrastructure); we control for these fixed characteristics so that they do not confound our results.
This study makes two major contributions. First, it is the first study, to our knoweldge, to examine the effect of a childhood vaccination program on children's anthropometric outcomes in an Asian country. Second, even though UIP was not designed to be studied as a randomly assigned program, its implementation may be assumed random after controlling for fixed district characteristics; this provides an opportunity for statistical evaluation of the program's causal impact on child growth.
Methods

Data sources
India's first National Family Health Survey (NFHS-1) is a nationally representative household survey measuring indicators of population, health and nutrition, with an emphasis on women and young children. We obtained from NFHS-1 data on children's body size, mother's characteristics and household characteristics and assets. NFHS-1 conducted interviews with 89 777 ever-married women aged 13-49 years. A complete birth and death history was also collected for these women's children, including date of birth and, when applicable, age at death. Anthropometric measurements were taken for those children who were under 4 years of age. 21 The NFHS-1 data set is available at the Demographic and Health Surveys (DHS) website (http://www.measuredhs.com/data/available-datasets. cfm).
We took the date when UIP began in each district from an electronic spreadsheet that one of the authors had obtained during a visit to India's Ministry of Health and Family Welfare (MHFW). These dates were merged into the final data set by matching the state and district names contained in NFHS-1 with those in the MHFW spreadsheet so that each observation in the final data set represented a unique child and contained information on that child's district (including the year that UIP started in the district) as well as child, maternal and household characteristics.
Variables
Exposure to UIP was a binary variable: 1, if the child's district initiated UIP during his or her first year of life and 0, otherwise.
Vaccination status was also binary: 1, if the child was vaccinated; 0, if the child was unvaccinated. For each of the four vaccines (BCG, measles, polio3 and DTP3), we created two variables: (i) ever vaccinated before the household interview and (ii) vaccinated within the first 12 months of life. We also constructed a composite 'full vaccination' variable, which was binary: 1, if the child had received all four vaccines (BCG, measles, polio3 and DTP3); 0, if not.
If the child's health card was available at the time of the survey, we used that to determine vaccination status; otherwise, we used the mother's report. This is the same method that DHS uses to determine child vaccination status. 22 Anthropometric outcomes (height-for-age, weight-for-age, weight-for-height and BMI-for-age) were obtained as z-scores from NFHS-1. These z-scores had been adjusted according to standard growth curves for a child's age and sex, using the WHO Child Growth Standards.
Household wealth quintiles were determined using principal components analysis on a set of variables that describe household characteristics and assets. This is the recommended procedure for studies that use developing-country household surveys such as NFHS and DHS. 23, 24 The variables used to construct the wealth index were: source of drinking water, source of non-drinking water, toilet type, having electricity, type of cooking fuel, material used for home construction, ownership of agricultural land, ownership of livestock and all available household assets in the survey (there were 13 assets: radio, television, refrigerator, bicycle, motorcycle, car, number of rooms per household member as advised by Rutstein and Johnson 23 , whether the kitchen is a separate room, sewing machine, clock, sofa, fan, VCR). For people with missing values on a household characteristic or asset, we imputed the average value of that variable in the sample for continuous variables and the modal value for binary variables. A small number of variables were excluded from this procedure because they had significant levels of missingness (20% or higher). The resulting household wealth index was then divided into quintiles.
We also included an indicator variable for whether the child is from a scheduled caste (SC), scheduled tribe (ST) or neither. Scheduled castes and scheduled tribes are historically disadvantaged peoples of India; the Constitution of India confers special protections upon them, in recognition of the need to protect them against social injustice and exploitation.
Statistical analysis
The main predictor in this study is exposure to UIP. Figure 1 shows the number of districts that implemented UIP each year. In our sample, UIP was implemented in 30 districts in 1986, 53 more the following year, and so on, until all 353 districts in the sample were covered in 1990. (There were 393 districts in the full data set but 40 districts did not have information on year of UIP rollout.)
The order in which UIP was rolled out across districts was not completely random. Earlier research by Kumar 20 revealed that the following factors were important in the selection of early districts: the capacity to achieve and maintain target immunization coverage rates, including the availability of health facilities and other infrastructure for delivering UIP services. In other words, selection was based on the fixed characteristics of districts. For example, early-adopting districts may have had more primary health centers or more nurses. Selection on district characteristics that are stable over time should not pose problems for the interpretation of our estimated treatment effects as causal because we control for district fixed effects.
Our baseline model estimates the average effect of UIP on children's anthropometry. It takes the form:
where Y idt is the anthropometric outcome for child i residing in district d and born in year t. UIP idt indicates exposure to UIP in the first 12 months of life. g d and w t are district and year-of-birth fixed effects, respectively. X idt is a vector of child, maternal and household covariates. The predictor of interest, b 1 , represents the average effect of UIP on child anthropometry.
Equation (1) addresses the question of whether UIP led to differences in child growth on average. In other words, it can be used to support or falsify the hypothesis: 'UIP had an average effect on child growth'. We also used an interaction model to test whether UIP led to differences in child growth that benefited some subpopulations more than others. Specifically, we test five different hypotheses that reflect common disparities in the developing world or India-disparities by sex, SC or ST status or neither, maternal education, urbanity and wealth quintile. For example, one of these five hypotheses is 'UIP had an average effect on child growth that is different for poor children compared with affluent children'. To allow for such heterogeneity, we took the baseline regression in equation (1) and added five interaction terms, indicated by coefficients b 2 through b 6 :
where b 2 through b 6 estimate, respectively, the differential impact of UIP for females compared with males, for children who are members of an SC or ST or neither, for children whose mothers have different levels of education, for Using logistic regression, we also estimated the impact of UIP on children's vaccination status. Specifically, we re-estimated baseline equation (1) and the interaction model in equation (2), except that the dependent variable was now binary (i.e. whether or not a child was vaccinated), rather than a continuous z-score measure for child growth.
Finally, since the districts for 53 children were unidentified, it was not possible to determine whether or not those children had been exposed to UIP in the first year of life. However, we did know the states where these 53 children lived. So we first performed our analysis by excluding these 53 children (i.e. they were dropped from the sample due to missing exposure status). Then we also performed a sensitivity analysis in which we included the 53 children, using two alternative assumptions: (i) that the child's district started UIP at the same time as the latest district to start in that state (this defined all 53 children as controls) or (ii) that the child's district started UIP at the same time as the earliest district to start in that state (this defined all 53 children as treated).
Sample weights were used for all descriptive and inferential statistics, to make the sample nationally representative. In all regression models, heteroskedasticity-robust standard errors were clustered at the level of program assignment (i.e. the district level) to account for correlation of outcomes among children in the same district. 25 Results Table 1 presents descriptive statistics for the sample of 48 959 children. The age at household interview ranged from 0 to 47 months, with a mean age of 22.9 months. Among children aged 12 months and above, vaccination coverage was lowest for measles: 40% of children were ever vaccinated and 36% were vaccinated by 12 months of age for measles. Most mothers (65%) had no formal education. Health cards were seen for 22% of the children. Ninety-eight percent of the children were exposed to a UIP campaign during their first year of life. Anthropometric indicators for Indian children were all below the median World Health Organization (WHO) Child Growth Standards. Figure 2 shows that the proportion of children with health cards increased over time: 12% of the children born between April 1988 and March 1989 had a health card at the time of the household survey, and this doubled to 25% of the children born 4 years later ( p , 0.001). Table 2 shows that children with health cards were statistically 
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significantly more likely to be ever vaccinated and vaccinated at 12 months of age than children without health cards. Figure 3 explains how exposure to UIP was defined. Exposure status was determined by the child's birth month and the month that UIP was introduced into his or her district. As shown in Figure 3 , the only children in our data set who were born early enough to be unexposed to UIP in the first year of life were children born in 1988 -1989 in districts that implemented UIP in 1990. This resulted in a small control group.
Effect of UIP on vaccination coverage
The logistic regression models indicate that UIP did not have an average effect on the odds of vaccination coverage. This result did not change when we performed a sensitivity analysis by treating the 53 children with missing district information as either part of the control or treatment group.
Interaction models testing for differential effects of UIP on vaccination coverage across different subpopulations also yielded statistically insignificant results, with two exceptions: UIP increased the odds of BCG ever vaccination and BCG vaccination by 12 months of age by .8-fold and .5-fold, respectively, for children of postsecondary-educated mothers compared with children of mothers with no education; results from the sensitivity analysis were also of this magnitude (results available upon request). Excludes children who were ,12 months of age at the time of the household interview (i.e. 12 683 children or 25.9% of the sample).
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Effect of UIP on anthropometric outcomes
The regression models for anthropometry indicate that UIP had a positive effect on child anthropometric outcomes. Table 3 shows that UIP increased height-for-age (0.50 z-scores, p ¼ 0.001) and weight-for-age (0.29 z-scores, p ¼ 0.002). The sensitivity analysis echoed these positive and highly statistically significant results (available upon request). Because the average child was 2.24 z-scores below the norm for height-for-age (Table 1) , the UIP effect (ranging from 0.49 -0.56 z-scores across all analyses) translates into a 22-25% reduction in the height-for-age deficit for the average Indian child. Similarly, the UIP effect on weight-for-age comprises a 15% reduction in the weightfor-age deficit for the average Indian child. The effect of UIP on weight-for-height and BMI-for-age was statistically insignificant. The interaction models (Table 4) indicate that UIP had some differential effects on anthropometry based on differences in wealth and SC status. UIP led to smaller gains in height-for-age (21.06 z-scores, p ¼ 0.015) and weight-forage (20.59 z-scores, p ¼ 0.043) for children in the third wealth quintile compared with children in the first ( poorest) quintile. UIP also led to larger gains in height-for-age (1.19 z-scores, p ¼ 0.005) for children in SCs compared with children not in an SC or ST. No differential effects of UIP were found for weight-for-height or BMI-for-age. These interaction results persisted when we performed the sensitivity analysis.
Discussion
Main finding of this study UIP increased average height-for-age and weight-for-age in the population of children in India who were ,4 years of age in 1992 -1993. The program appears to have had no effect on average weight-for-height or BMI-for-age. The magnitude of the effect estimates suggests that, on average, UIP reduced the height-for-age deficit of children ,4 years of age by 22-25% and their weight-for-age deficit by 15%. As shown by the descriptive statistics, the average Indian child had a much greater deficit in height-for-age and weight-for-age than in the other two anthropometric indicators; this may be one reason why we were able to detect a significant impact of UIP on the former two but not the latter two outcomes.
Our interaction models suggest that UIP may have decreased health inequalities in India, at least during the initial period 1986 -1993. For example, health inequalities would presumably have been reduced by the gains in heightfor-age experienced by children in SCs relative to children not in an SC or ST, and by the smaller increase in body size experienced by wealthier children compared with children of the poorest wealth quintile.
We did not find evidence that UIP affected average odds of vaccination for Indian children who were ,4 years of age in 1992 -1993. This may be due to insufficient power (as the control group was small) or measurement errors in vaccination status if poor and illiterate mothers were unable to distinguish between different types of vaccination. However, this lack of UIP effect on the average child does not necessarily mean that UIP had no effect on specific subpopulations. In fact, we found evidence that UIP increased 4/90 X X X X X Fig. 3 Child's birth month and district's month of UIP introduction were used to define children as either 'exposed' or 'unexposed' to UIP. X ¼ child exposed to UIP. the odds of BCG ever vaccination and BCG vaccination at 12 months of age more for children of postsecondaryeducated mothers than for children of uneducated mothers. It is unclear why there were no significant interaction effects for the other four vaccines in this study, although the small control group may have been partly to blame. It is important to recognize that UIP's effect on child growth might be mediated by factors other than vaccination. For example, UIP may have improved the primary healthcare infrastructure or provided mothers with better information on child nutrition or other disease-prevention strategies. These alternative pathways to child growth are particularly plausible given that we did not find any direct effect of UIP on average odds of vaccination.
This study may underestimate the effect of UIP on child growth and vaccination coverage for a few reasons. First, vaccines against communicable disease produce positive spillovers because unvaccinated children receive partial protection from the immunized status of other children in the community. The control group in this study may therefore have benefited from UIP-generated reductions in disease transmission, which would make their anthropometric outcomes more like those of the treatment group, and attenuate the estimated effect of UIP on child growth. Second, recall that India's EPI vaccination program immediately preceded UIP. It is therefore likely that some older children in this sample received childhood vaccinations under EPI even though they were not exposed to UIP in their first year of life. If many children in the UIP control group (who are also older) were previously vaccinated under EPI, this would attenuate the estimated program effect on both vaccination coverage and child growth.
At high levels of vaccination coverage (80% or higher, depending on the disease), unvaccinated individuals benefit from significantly reduced risk of disease (i.e. herd immunity). Herd immunity makes the health status of the unvaccinated population more like that of the vaccinated population, which can pose a threat to statistical inference by attenuating a vaccination program's estimated effect. But the children in this study were not exposed to herd immunity because vaccination coverage rates were too low (Table 1 )-even in urban areas, which had higher coverage rates than rural areas. 21 What is already known on the topic To our knowledge, no other study has examined whether a specific vaccination program in the developing world led to improved child growth. Other work in this general area has shown that childhood immunization rates 17, 18 and the availability of immunization 16 have led to improved child growth in the developing world. sex; SC or ST status; religion; birth order; multiple-birth status; preceding birth interval; rural or urban residence; mother's education, age at child's birth, marital status and employment status; wealth quintile; health card and district fixed effects.
*P , 0.10; **P , 0.05; ***P , 0.01.
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